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(54) N-Tuple or ram based neural network classification system and method 



(57) The invention relates to a system and a method 
of training a computer classification system which can 
be defined by a network comprising a number of n- 
tuples or Look Up Tables (LUTs), with each n-tuple or 
LUT comprising a number of rows corresponding to at 
least a subset of possible classes and comprising col- 
umns being addressed by signals or elements of sam- 
pled training input data examples, each column being 
defined by a vector having cells with values, the method 
comprising determining the column vector cell values 
based on one or more training sets of training input data 
examples for different classes so that at least part of the 
cells comprise or point to information based on the 
number of times the corresponding cell address is sam- 
pled from one or more sets of training input examples, 
and determining weight cell values corresponding to 
one or more column vector cells being addressed or 
sampled by the training examples to thereby allow 
weighting of one or more column vector cells of positive 
value during a classification process, said weight cell 
values being determined based on the information of at 
least part of the determined column vector ceil values 
and by use of at least part of the training set(s) of input 
examples. A second aspect of the invention is a system 
and a method for determining - in a computer classifica- 
tion system - weight cell values corresponding to one or 
more column vector cells being addressed by the train- 
ing examples, wherein the determination is based on 
the information of at least part of the determined vector 
ceil values, said determination allowing weighting of col- 
umn vector cells having a positive value or a non-posi- 
tive value. Finally the invention provides a method and a 
system for classifying input data examples into a plural- 



ity of classes using the computer classification systems. 
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Description 

BACKGROUND OF THE INVENTION 
5 1 . Field of the Invention 

[0001] The present invention relates generally to n-tuple or RAM based neural network classification systems and. 
more particularly, to n-tuple or RAM based classification systems having weight vectors with element values being 
determined during a training process. 

10 

2. Description of the Prior Art 

[0002] A known way of classifying objects or patterns represented by electric signals or binary codes and, more pre- 
cisely, by vectors of signals applied to the inputs of neural network classification systems lies in the implementation of 

15 a so-called learning or training phase. This phase generally consists of the configuration of a classification network that 
fulfils a function of performing the envisaged classification as efficiently as possible by using one or more sets of sig- 
nals, called learning or training sets, where the membership of each of these signals in one of the classes in which it is 
desired to classify them is known. This method is known as supervised learning or learning with a teacher. 
} [0003] A subclass of classification networks using supervised learning are networks using memory-based learning. 
~ 20 Here, one of the oldest memory-based networks is the "n-tuple network" proposed by Bledsoe and Browning (Bledsoe, 
W.W. and Browning, 1, 1 959, "Pattern recognition and reading by machine", Proceedings of the Eastern Joint Computer 
Conference, pp. 225-232) and more recenly described by Morciniec and Rohwer (Morciniec, M. and Rohwer, R.,1996, 
"A theoretical and experimental account of n-tuple classifier performance", Neural Comp., pp. 629-642). 
[0004] One of the benefits of such a memory-based system is a very fast computation time, both during the learning 

25 phase and during classification. For the known types of n-tuple networks, which is also known as "RAM networks" or 
"weightless neural networks", learning may be accomplished by recording features of patterns in a random-access 
memory (RAM), which requires just one presentation of the training set(s) to the system. 

[0005] The training procedure for a conventional RAM based neural network is described by Jorgensen (co-inventor 
of this invention) et al. (Jcrgensen, T.M., Christensen, S. S. and Liisberg, C.,1995, "Cross-validation and information 

30 measures for RAM based neural networks", Proceedings of the Weightless Neural Network Workshop WNNW95 (Kent 
at Canterbury, UK) ed. D. Bisset, pp. 76-81) where it is described how the RAM based neural network may be consid- 
ered as comprising a number of Look Up Tables (LUTs). Each LUT may probe a subset of a binary input data vector. 
In the conventional scheme the bits to be used are selected at random. The sampled bit sequence is used to construct 
an address. This address corresponds to a specific entry (column) in the LUT. The number of rows in the LUT corre- 

35 sponds to the number of possible classes. For each class the output can take on the values 0 or 1 . A value of 1 corre- 
sponds to a vote on that specific class. When performing a classification, an input vector is sampled, the output vectors 
from all LUTs are added, and subsequently a winner takes all decision is made to classify the input vector. In order to 
perform a simple training of the network, the output values may initially be set to 0. For each example in the training set, 
J the following steps should then be carried out: 

40 [0006] Present the input vector and the target class to the network, for all LUTs calculate their corresponding column 
entries, and set the output value of the target class to 1 in all the "active" columns. 

[0007] By use of such a training strategy it may be guaranteed that each training pattern always obtains the maximum 
number of votes. As a result such a network makes no misclassif ication on the training set, but ambiguous decisions 
may occur. Here, the generalisation capability of the network is directly related to the number of input bits for each LUT 
45 If a LUT samples all input bits then it will act as a pure memory device and no generalisation will be provided. As the 
number of input bits is reduced the generalisation is increased at an expense of an increasing number of ambiguous 
decisions. Furthermore, the classification and generalisation performances of a LUT are highly dependent on the actual 
subset of input bits probed. The purpose of an "intelligent" training procedure is thus to select the most appropriate sub- 
sets of input data. 

so [0008] Jsrgensen et al. further describes what is named a "cross validation test" which suggests a method for select- 
ing an optimal number of input connections to use per LUT in order to obtain a low classification error rate with a short 
overall computation time. In order to perform such a cross validation test it is necessary to obtain a knowledge of the 
actual number of training examples that have visited or addressed the cell or element corresponding to the addressed 
column and class. It is therefore suggested that these numbers are stored in the LUTs. It is also suggested by Jsr- 

55 gensen et al. how the LUTs in the network can be selected in a more optimum way by successively training new sets 
of LUTs and performing cross validation test on each LUT. Thus, it is known to have a RAM network in which the LUTs 
are selected by presenting the training set to the system several times. 

[0009] In an article by Jorgensen (co-inventor of this invention) (Jergensen. T.M. "Classification of handwritten digits 
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using a RAM neural net architecture", February 1997, International Journal of Neural Systems, Vol. 8, No. 1 , pp. 1 7-25 
it is suggested how the class recognition of a RAM based network can be further improved by extending the traditional 
RAM architecture to include what is named Inhibition". This method deals with the problem that in many situations two 
different classes might only differ in a few of their features. In such a case, an example outside the training set has a 

5 high risk of sharing most of its features with an incorrect class. So. in order to deal with this problem it becomes neces- 
sary to weight different features differently for a given class. Thus, a method is suggested where the network includes 
inhibition factors for some classes of the addressed columns. Here, a confidence measure is introduced, and the inhi- 
bition factors are calculated so that the confidence after inhibition corresponds to a desired level. 
[0010] The result of the preferred inhibition scheme is that all addressed LUT cells or elements that would be set to 

10 1 in the simple system are also set to 1 in the modified version, but in the modified version column cells being set to 1 
may further comprise information of the number of times the cell has been visited by the training set. However, some of 
the cells containing O's in the simple system will have their contents changed to negative values in the modified network. 
In other words, the conventional network is extended so that inhibition from one class to another is allowed. 
[001 1 ] In order to encode negative values into the LUT cells, it is not sufficient with one bit per cell or element as with 

is a traditional RAM network. Thus, it is preferred to use one byte per cell with values below 128 being used to represent 
different negative values, whereas values above 128 are used for storing information concerning the number of training 
examples that have visited or addressed the cell. When classifying an object the addressed cells having values greater 
than or equal to 1 may then be counted as having the value 1 . 

[001 2] By using inhibition, the cells of the LUTs are given different values which might be considered a sort of "weight- 
20 ing". However, it is only cells which have not been visited by the training set that are allowed to be suppressed by having 
their values changed from 0 to a negative value. There is no boosting of cells having positive values when performing 
classification of input data. Thus, very well performing LUTs or columns of LUTs might easily drown when accompanied 
by the remaining network. 

[001 3] Thus, there is a need for a RAM classification network which allows a very fast training or learning phase and 
25 subsequent classification, but which at the same time allows real weights to both boost and suppress cell values of LUT 
columns in order to obtain a proper generalisation ability of the sampled number of input bits based on access informa- 
tion of the training set. Such a RAM based classification system is provided according to the present invention. 

SUMMARY OF THE INVENTION 

30 

[0014] According to a first aspect of the present invention there is provided a method for training a computer classifi- 
cation system which can be defined by a network comprising a number of n-tuples or Look Up Tables (LUTs), with each 
n-tuple or LUT comprising a number of rows corresponding to at least a subset of possible classes and further compris- 
ing a number of columns being addressed by signals or elements of sampled training input data examples, each column 

35 being defined by a vector having cells with values, said method comprising determining the column vector cell values 
based on one or more training sets of input data examples for different classes so that at least part of the cells comprise 
or point to information based on the number of times the corresponding cell address is sampled from one or more sets 
of training input examples, and determining weight cell values corresponding to one or more column vector cells being 
addressed or sampled by the training examples. 

40 [0015] According to a second aspect of the present invention there is provided a method of determining weight cell 
values in a computer classification system which can be defined by a network comprising a number of n-tuples or Look 
Up Tables (LUTs), with each n-tuple or LUT comprising a number of rows corresponding to at least a subset of possible 
classes and further comprising a number of column vectors with at least part of said column vectors having correspond- 
ing weight vectors, each column vector being addressed by signals or elements of a sampled training input data exam- 

45 pie and each column vector and weight vector having cells with values being determined based on one or more training 
sets of input data examples for different classes, said method comprising determining the column vector cell values 
based on the training set(s) of input examples so that at least part of said values comprise or point to information based 
on the number of times the corresponding cell address is sampled from the set(s) of training input examples, and deter- 
mining weight vector cell values corresponding to one or more column vector cells. 

so [0016] Preferably, the weight cell values are determined based on the information of at least part of the determined 
column vector cell values and by use of at least part of the training set(s) of input examples. According to the present 
invention the training input data examples may preferably be presented to the network as input signal vectors. 
[001 7] It is preferred that determination of the weight cell values is performed so as to allow weighting of one or more 
column vectors cells of positive value and/or to allow boosting of one or more column vector cells during a classification 

55 process. Furthermore, or alternatively the weight cell values may be determined so as to allow suppressing of one or 
more column vector ceils during a classification process. 

[0018] The present invention also provide a method wherein the determination of the weight cell values allows weight- 
ing of one or more column vector cells having a positive value (greater than 0) and one or more column vector cells hav- 
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ing a non-positive value (lesser than or equal to 0). Preferably, the determination of the weight cells allows weighting of 
any column vector cell. 

[001 9] In order to determine or calculate the weight cell values, the determination of these values may comprise ini- 
tialising one or more sets of weight cells corresponding to at least part of the column cells, and adjusting at least part 
5 of the weight cell values based on the information of at least part of the determined column cell values and by use of at 
least part of the training set(s) of input examples. When determining the weight cell values it is preferred that these are 
arranged in weight vectors corresponding to at least part of the column vectors. 

[0020] In order to determine or adjust the weight cell values according to the present invention, the column cell values 
should be determined. Here, it is preferred that at least part of the column cell values are determined as a function of 

10 the number of times the corresponding cell address is sampled from the set(s) of training input examples. Alternatively, 
the information of the column cells may be determined so that the maximum column cell value is 1 . but at least part of 
the cells have an associated value being a function of the number of times the corresponding cell address is sampled 
from the training set(s) of input examples. Preferably, the column vector cell values are determined and stored in storing 
means before the adjustment of the weight vector cell values. 

75 [0021 ] According to the present invention, a preferred way of determining the column vector cell values may comprise 
the training steps of 

a) applying a training input data example of a known class to the classification network, thereby addressing one or 
) more column vectors, 

20 

b) incrementing, preferably by one, the value or vote of the cells of the addressed column vectbr(s) corresponding 
to the row(s) of the known class, and 

c ) repeating steps (a)-(b) until all training examples have been applied to the network. 

25 

[0022] However, it should be understood that the present invention also covers embodiments where the information 
of the column cells is determined by alternative functions of the number of times the cell has been addressed by the 
input training set(s). Thus, the cell information does not need to comprise a count of all the times the cell has been 
addressed, but may for example comprise an indication of when the cell has been visited zero times, once, more than 
30 once, and/or twice and more than twice and so on. 

[0023] So far it has been mentioned that weight cell values may be determined for one or more column cells, but in a 
preferred embodiment all column vectors have corresponding weight vectors. 

[0024] When initialising weight cell values according to embodiments of the present invention, the initialisation may 
comprise setting each weight cell value to a predetermined specific cell value. These values may be different for differ- 
35 ent cells, but all weight cell values may also be set to a predetermined constant value. Such a value may be 0 or 1 , but 
other values may be preferred. 

[0025] In order to determine the weight cell values, it is preferred to adjust these values, which adjustment process 
may comprise one or more iteration steps. The adjustment of the weight cell values may comprise the steps of deter- 
^ mining a global quality value based on at least part of the weight and column vector cell values, determining if the global 
40 quality value fulfils a required quality criterion, and adjusting at least part of the weight cell values until the global quality 
criterion is fulfilled. 

[0026] The adjustment process may also include determination of a local quality value for each sampled training input 
example, with one or more weight cell adjustments being performed if the local quality value does not fulfil a specified 
or required local quality criterion for the selected input example. As an example the adjustment of the weight cell values 
45 may comprise the steps of 

a) selecting an input example from the training set(s). 

b) determining a local quality value corresponding to the sampled training input example, the local quality value 
so being a function of at least part of the addressed weight and column cell values, 

c) determining if the local quality value fulfils a required local quality criterion, if not, adjusting one or more of the 
addressed weight vector cell values if the local quality criterion is not fulfilled, 

55 c) selecting a new input example from a predetermined number of examples of the training set(s), 

e) repeating the local quality test steps (b)-(d) for all the predetermined training input examples, 
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f) determining a global quality value based on at least part of the weight and column vectors being addressed dur- 
ing the local quality test. 

g) determining if the global quality value fulfils a required global quality criterion, and, 

5 

h) repeating steps (a)-(g) until the global quality criterion is fulfilled. Preferably, steps (b)-(d) of the above mentioned 
adjustment process may be carried out for all examples of the training set(s). 

[0027] The local and/or global quality value may be defined as functions of at least part of the weight and/or column 
10 cells. Correspondingly, the global and/or the local quality criterion may also be functions of the weight and/or column 
cells. Thus, the quality criterion or criteria need not be a predetermined constant threshold value, but may be changed 
during the adjustment iteration process. However, the present invention also covers embodiments in which the quality 
criterion or criteria is/are given by constant threshold values. 

[0028] It should be understood that when adjusting the weight cell values by use of one or more quality values each 
15 with a corresponding quality criterion, it may be preferred to stop the adjustment iteration process if a quality criterion 
is not fulfilled after a given number of iterations. 

[0029] It should also be understood that during the adjustment process the adjusted weight cell values are preferably 
stored after each adjustment, and when the adjustment process includes the determination of a global quality value, the 
step of determination of the global quality value may further be followed by separately storing the hereby obtained 
20 weight cell values or classification system configuration values if the determined global quality value is closer to full the 
global quality criterion than the global quality value corresponding to previously separately stored weight cell values or 
configuration values. 

[0030] A main reason for training a classification system according to an embodiment of the present invention is to 
obtain a high confidence in a subsequent classification process of an input example of an unknown class. 
25 [0031 ] Thus, according to a further aspect of the present invention, there is also provided a method of classifying input 
data examples into at least one of a plurality of classes using a computer classification system configured according to 
any of the above described methods of the present invention, whereby the column cell values and the corresponding 
weight cell values are determined for each n-tuple or LUT based on one or more training sets of input data examples, 
said method comprising 

30 

a) applying an input data example to be classified to the configured classification network thereby addressing col- 
umn vectors and corresponding weight vectors in the set of n-tuples or LUTs, 

b) selecting a class thereby addressing specific rows in the set of n-tuples or LUTs, 

35 

b) determining an output value as a function of values of addressed weight cells, 

d) repeating steps (b)-(c) until an output has been determined for all classes, 

40 d) comparing the calculated output values, and 

f) selecting the class or classes having maximum output value. 

[0032] When classifying an unknown input example, several functions may be used for determining the output values 
45 from the addressed weight cells. However, it is preferred that the parameters used for determining the output value 
includes both values of addressed weight cells and addressed column cells. Thus, as an example, the output value may 
be determined as a first summation of all the addressed weight cell values corresponding to column cell values greater 
than or equal to a predetermined value. In another preferred embodiment, the step of determining an output value com- 
prises determining a first summation of all the addressed weight cell values corresponding to column cell values greater 
so than or equal to a predetermined value, determining a second summation of all the addressed weight ceil values, and 
determining the output value by dividing the first summation by the second summation. The predetermined value may 
preferably be set to 1 . 

[0033] The present invention also provides training and classification systems according to the above described meth- 
ods of training and classification. 
55 [0034] Thus, according to the present invention there is provided a system for training a computer classification sys- 
tem which can be defined by a network comprising a stored number of n-tuples or Look Up Tables (LUTs). with each n- 
tuple or LUT comprising a number of rows corresponding to at least a subset of possible classes and further comprising 
a number of columns being addressed by signals or elements of sampled training input data examples, each column 
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being defined by a vector having cells with values, said system comprising input means for receiving training input data 
examples of known classes, means for sampling the received input data examples and addressing column vectors in 
the stored set of n-tuples or LUTs, means for addressing specific rows in the set of n-tuples or LUTs, said rows corre- 
sponding to a known class, storage means for storing determined n-tuples or LUTs, 

5 means for determining column vector ceil values so as to comprise or point to information based on the number of times 
the corresponding cell address is sampled from the training set(s) of input examples, and means for determining weight 
ceil values corresponding to one or more column vector ceils being addressed or sampled by the training examples. 
[0035] The present invention also provides a system for determining weight cell values of a classification network 
which can be defined by a stored number of n-tuples or Look Up Tables (LUTs). with each n-tuple or LUT comprising a 

10 number of rows corresponding to at least a subset of the number of possible classes and further comprising a number 
of column vectors with at least part of said column vectors having corresponding weight vectors, each column vector 
being addressed by signals or elements of a sampled training input data example and each column vector and weight 
vector having cell values being determined during a training process based on one or more sets of training input data 
examples, said system comprising: input means for receiving training input data examples of known classes, means for 

15 sampling the received input data examples and addressing column vectors and corresponding weight vectors in the 
stored set of n-tuples or LUTs, means for addressing specific rows in the set of n-tuples or LUTs, said rows correspond- 
ing to a known class, storage means for storing determined n-tuples or LUTs, means for determining column vector cell 
values so as to comprise or point to information based on the number of times the corresponding cell address is sam- 
pled from the training set(s) of input examples, and means for determining weight vector cell values corresponding to 

20 one or more column vector cells. 

[0036] Here, it is preferred that the means for determining the weight cell values is adapted to determine these values 
based on the information of at least part of the determined column vector cell values and by use of at least part of the 
training set(s) of input examples. 

[0037] Preferably, the means for determining the weight cell values is adapted to determine these values so as to 
25 allow weighting of one or more column cells of positive value and/or to allow boosting of one or more column cells dur- 
ing a classification process. The determining means may furthermore, or alternatively, be adapted to determine the 
weight cell values so as to allow suppressing of one or more column vector cells during a classification process. 
[0038] According to an embodiment of the present invention the weight determining means may be adapted to deter- 
mine the weight cell values so as to allow weighting of one or more column vector cells having a positive value (greater 
30 than 0) and one or more column vector cells having a non-positive value (lesser than or equal to 0). Preferably, the 
means may further be adapted to determine the weight cell values so as to allow weighting of any column cell. It is also 
preferred that the means for determining the weight cell values is adapted to determine these values so that the weight 
cell values are arranged in weight vectors corresponding to at least part of the column vectors. 
[0039] In order to determine the weight cell values according to a preferred embodiment of the present invention, the 
35 means for determining the weight cell values may comprise means for initialising one or more sets of weight vectors 
corresponding to at least part of the column vectors, and means for adjusting weight vector cell values of at least part 
of the weight vectors based on the information of at least part of the determined column vector cell values and by use 
of at least part of the training set(s) of input examples. 

[0040] As already discussed above the column cell values should be determined in order to determine the weight cell 
40 values. Here, it is preferred that the means for determining the column vector cell values is adapted to determine these 
values as a function of the number of times the corresponding cell address is sampled from the set(s) of training input 
examples. Alternatively, the means for determining the column vector cell values may be adapted to determine these 
cell values so that the maximum value is 1 , but at least part of the cells have an associated value being a function of 
the number of times the corresponding cell address is sampled from the training set(s) of input examples. 
45 [0041] According to an embodiment of the present invention it is preferred that when a training input data example 
belonging to a known class is applied to the classification network thereby addressing one or more column vectors, the 
means for determining the column vector cell values is adapted to increment the value or vote of the cells of the 
addressed column vector(s) corresponding to the row(s) of the known class, said value preferably being incremented 
by one. 

so [0042] In order to initialise the weight cells according to an embodiment of the invention, it is preferred that the means 
for initialising the weight vectors is adapted to setting the weight cell values to one or more predetermined values. 
[0043] For the adjustment process of the weight cells it is preferred that the means for adjusting the weight vector cell 
values is adapted to determine a global quality value based on at least part of the weight and column vector cell values, 
determine if the global quality value fulfils a required global quality criterion, and adjust at least part of the weight cell 

55 values until the global quality criterion is fulfilled. 

[0044] As an example of a preferred embodiment according to the present invention, the means for adjusting the 
weight vector cell values may be adapted to 
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a) determine a local quality value corresponding to a sampled training input example, the local quality value being 
a function of at least part of the addressed weight and column vector cell values. 

b) determine if the local quality value fulfils a required local quality criterion, 

s 

b) adjust one or more of the addressed weight vector cell values if the local quality criterion is not fulfilled, 

c) repeat the local quality test for a predetermined number of training input examples, 

10 d) determine a global quality value based on at least part of the weight and column vectors being addressed during 
the local quality test, 

e) determine if the global quality value fulfils a required global quality criterion, and, 

is f) repeat the local and the global quality test until the global quality criterion is fulfilled. 

[0045] The means for adjusting the weight vector cell values may further be adapted to stop the iteration process if 
the global quality criterion is not fulf flled after a given number of iterations. In a preferred embodiment, the means for 
storing n-tuples or LUTs comprises means for storing adjusted weight cell values and separate means for storing best 

20 so far weight cell values or best so far classification system configuration values. Here, the means for adjusting the 
weight vector cell values may further be adapted to replace previously separately stored best so far weight cell values 
with obtained adjusted weight cell values if the determined global quality value is closer to fulfil the global quality crite- 
rion than the global quality value corresponding to previously separately stored best so far weight values. Thus, even if 
the system should not be able to fulfil the global quality criterion within a given number of iterations, the system may 

25 always comprise the "best so far" system configuration. 

[0046] According to a further aspect of the present invention there is also provided a system for classifying input data 
examples of unknown classes into at least one of a plurality of classes, said system comprising: storage means for stor- 
ing a number or set of n-tuples or Look Up Tables (LUTs) with each n-tuple or LUT comprising a number of rows corre- 
sponding to at least a subset of the number of possible classes and further comprising a number of column vectors with 

30 corresponding weight vectors, each column vector being addressed by signals or elements of a sampled input data 
example and each column vector and weight vector having cells with values being determined during a training process 
based on one or more sets of training input data examples, said system further comprising: input means for receiving 
an input data example to be classified, means for sampling the received input data example and addressing columns 
and corresponding weight vectors in the stored set of n-tuples or LUTs, means for addressing specific rows in the set 

35 of n-tuples or LUTs, said rows corresponding to a specific class, means for determining an- output value as a function 
of addressed weight cells, and means for comparing calculated output values corresponding to all classes and selecting 
the class or classes having maximum output value. 

[0047] According to a preferred embodiment of the classification system of the present invention, the output deter- 
mining means comprises means for producing a first summation of all the addressed weight vector cell values corre- 
40 spending to a specific class and corresponding to column vector cell values greater than or equal to a predetermined 
value. It is also preferred that the output determining means further comprises means for producing a second summa- 
tion of all the addressed weight vector cell values corresponding to a specific class, and means for determining the out- 
put value by dividing the first summation by the second summation. 

[0048] It should be understood that it is preferred that the cell values of the column and weight vectors of the classi- 
cs fication system according to the present invention are determined by use of a training system according to any of the 
above described systems. Accordingly, these cell values may be determined during a training process according to any 
of the above described methods. 

BRIEF DESCRIPTION OF THE DRAWINGS 

50 

[0049] For a better understanding of the present invention and in order to show how the same may be carried into 
effect, reference will now be made by way of example to the accompanying drawings in which: 

Fig. 1 shows a block diagram of a RAM classification network with Look Up Tables (LUTs), 

55 

Fig. 2 shows a detailed block diagram of a single Look Up Table (LUT) according to an embodiment of the present 
invention, 
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Fig. 3 shows a block diagram of a computer classification system according to the present invention, 

Fig. 4 shows a flow chart of a learning process for LUT column cells according to an embodiment of the present 
invention, 

5 

Fig. 5 shows a flow chart of a learning process for weight cells according to a first embodiment of the present inven- 
tion. 

Fig. 6 shows a flow chart of a learning process for weight cells according to a second embodiment of the present 
10 invention, and 

Fig. 7 shows a flow chart of a classification process according to the present invention. 
DETAILED DESCRIPTION OF THE INVENTION 

15 

[0050] In the following a more detailed description of the architecture and concept of a classification system according 
to the present invention will be given including an example of a training process of the column cells of the architecture 
and an example of a classification process. Furthermore, different examples of learning processes for weight cells 
according to embodiments of the present invention are described. 

20 

Notation 

[0051 ] The notation used in the following description and examples is as follows: 
The training set. 

An example from the training set. 
Number of examples in the training set X. 
The j'th example from a given ordering of the training set X. 
A specific example (possible outside the training set). 
Classlabel. 

Class label corresponding to example x (the true class). 
Winner Class obtained by classification. 
Runner Up Class obtained by classification. _ 
Leave-one-out cross-validation classification for example x. 

Number of training classes corresponding to the maximum number of rows in a LUT 
Set of LUTs (each LUT may contain only a subset of all possible address columns, and the different 
columns may register only subsets of the existing classes). 
Number of LUTs. 

Number of different columns that can be addressed in a specific LUT (LUT dependent). 
The set of training examples labelled class C. 
Weight for the cell addressed by the tth column and the C'th class. 
Entry counter for the cell addressed by the i'th column and the Cth class. 
Index of the column in the i'th LUT being addressed by example y 
Vector containing all v iC elements of the LUT network. 
Vector containing all w iC elements of the LUT network. 
Local quality function. 
Global quality function. 

Description of architecture and concept 

so 

[0052] In the following references are made to Fig. 1, which shows a block diagram of a RAM classification network 
with Look Up Tables (LUTs), and Fig. 2, which shows a detailed block diagram of a single Look Up Table (LUT) accord- 
ing to an embodiment of the present invention. 

[0053] A RAM-net or LUT-net consists of a number of Look Up Tables (LUTs) (1.3). Let the number of LUTs be 
55 denoted N LUT An example of an input data vector y to be classified may be presented to an input module (1.1) of the 
LUT network. Each LUT may sample a part of the input data, where different numbers of input signals may be sampled 
for different LUTs (1 .2) (in principle it is also possible to have one LUT sampling the whole input space). The outputs of 
the LUTs may be fed (1 .4) to an output module (1 .5) of the RAM classification network. 



25 X: 
x: 

N x : 

xj: 

r- 

30 C: 

C(x): 

C w : 

C R : 

A(x): 
35 N c : 

Q: 

Mlut- 
Ncol- 

40 S C - 
V. 

45 w: 

Q L (v^x t X): 
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[0054] In Fig. 2 it is shown that for each LUT the sampled input data (2.1) of the example presented to the LUT-net 
may be fed into an address selecting module (2.2). The address selecting module (2.2) may from the input data calcu- 
late the address of one or more specific columns (2.3) in the LUT. As an example, let the index of the column in the i'th 
LUT being addressed by an input example y be calculated as a, (y). The number of addressable columns in a specific 
LUT may be denoted N COL . and varies in general from one LUT to another. The information stored in a specific row of 
a LUT may correspond to a specific class C (2.4). The maximum number of rows may then correspond to the number 
of classes, /V c . In a preferred embodiment, every column within a LUT contains two sets of cells. The number of cells 
within each set corresponds to the number of rows within the LUT. The first set of cells may be denoted column vector 
cells and the cell values may correspond to class specific entry counters of the column in question. The other set of cells 
may be denoted weight cells or weight vector cells with cell values which may correspond to weight factors, each of 
which may be associated with one entry counter value or column vector cell value. The entry counter value for the cell 
addressed by the ith column and class C is denoted v iC (2.5). The weight value for the cell addressed by the YXh column 
and class C is denoted w iC (2.6). 

[0055] The v iC - and upvalues of the activated LUT columns (2.7) may be fed (1 .4) to the output module (1 .5), where 
75 a vote number may be calculated for each class and where finally a winner-takes-all (VvTA) decision may be performed. 
[0056] Let x e X denote an input data example used for training and let y denote an input data example not belonging 
to the training set. Let C(x) denote the class to which x belongs. The class assignment given to the example y is then 
obtained by calculating a vote number for each class. The vote number obtained for class C is calculated as a function 
of the v iC and w iC numbers addressed by the example y. 



10 



20 



25 



30 



35 



40 



VoteNo(C y ) = fi*"ction(v n{y)C , w n(7) c> v fl=(?) c , M/ aj(y) tC v «v /JT iy).c» w o, tM t?>.c) 



[0057] From the calculated vote numbers the winner class, can be obtained as: 

C w = argmax(VoteNo(Cy)), 1 < C < N c . 

c 



[0058] An example of a sensible choice of VoteNo( C,y) is the following expression: 



VoteNo(C,y)= 



45 ieO 



where 8,y is Kroneckers delta (8,y = 1 if / = / and 0 otherwise), and 

[L,/z>n 
nV ' 10 if z<n 



55 



[0059] n describes the set of LUTs making up the whole LUT network. S c denotes the set of training examples 
labelled class C. The special case with all w /c -values set to 1 gives the traditional LUT network, 
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C w = argmax E^K^c) 



C V»eQ 



5 



[0060] Figure 3 shows an example of a block diagram of a computer classification system according to the present 
io invention. Here a source such as a video camera or a database provides an input data signal or signals (3.0) describing 
the example to be classified. These data are fed to a pre-processing module (3.1) of a type which can extract features, 
reduce, and transform the input data in a predetermined manner. An example of such a pre-processing module is a 
FFT-board (Fast Fourier Transform). "The transformed data are then fed to a classification unit (3.2) comprising a RAM 
network according to the present invention. The classification unit (3.2) outputs a ranked classification list which might 
75 have associated confidences. The classification unit can be implemented by using software to programme a standard 
Personal Com puter or programming a hardware device, e.g. using programmable gate arrays combined with RAM cir- 
cuits and a digital signal processor. These data can be interpreted in a post-processing device (3.3), which could be a 
computer module combining the obtained classifications with other relevant information. Finally the result of this inter- 
pretation is fed to an output device (3.4) such as an actuator. 



Initial training of the architecture 

[0061 ] The flow chart of Fig. 4 illustrates a one pass learning scheme or process for the determination of the column 
vector entry counter or cell distribution, v /cr distribution (4.0), according to an embodiment of the present invention, 
25 which may be described as follows: 

1 . Initialise all entry counters or column vector cells by setting the cell values, v t to zero and initialise the weight val- 
ues, w. This could be performed by setting all weight values to a constant factor, or by choosing random values from 
within a specific range (4. 1 ). _ 
30 2. Present the first training input example, x 1 from the training set X to the network (4.2, 4.3) 

3. Calculate the columns addressed for the first LUT (4.4, 4.5). 

4. Add 1 to the entry counters in the rows of the addressed columns that correspond to the class label of x (incre- 
ment 



in all LUTs) (4.6). 

5. Repeat step 4 for the remaining LUTs (4.7, 4.8). 
40 6. Repeat steps 3-5 for the remaining training input examples (4.9, 4.10). The number of training examples is 
denoted N x . 

Classification of an unknown input example 

45 [0062] When the RAM network of the present invention has been trained to thereby determine values for the column 
cells and the weight cells whereby the LUTs may be defined, the network may be used for classifying an unknown input 
data example. 

[0063] In a preferred example according to the present invention, the classification is performed by determining the 
class having a maximum vote number, VoteNo, where VoteNo is given by the expression 



20 



35 



50 



55 



VoteNo(C,y) = 
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[0064] If the denominator is zero the VoteNo can be defined to be 0. 

[0065] Thus, the classification example may be described as follows by reference to Figs. 1 and 2: 

Present an unknown input example. y.Jo the network (1^1). 

• For all LUTs calculate the columns a,ttf addressed by y (2.3). 

• For each class (corresponding to a specific row in each of the addressed columns) produce the sum (sum_1) of 

^.<yVC®iK(v>.c)* 



The 



term implies that 

components only are included if 

v„., ? ,c^» (15). 



For each class (corresponding to a specific row in each of the addressed columns) produce the sum (sum_2) of 

»«W<1-5>- 



35 • Calculate the output value corresponding to class C as Out[C] = sum_1 / sum_2 (1 .5). " 
Choose the class (or classes) that maximise Out[C] (1 .5). 

[0066] Figure 7 shows a block diagram of the operation of a computer classification system in which a classification 
process (7.0) is performed. The system acquires one or more input signals (7.1) using e.g. an optical sensor system. 
40 The obtained input data are pre-processed (7.2) in a pre-processing module, e.g. a low-pass filter, and presented to a 
classification module (7.3) which according to an embodiment of the invention may be a LUT-network. The output data 
from the classification module is then post-processed in a post-processing module (7.4), e.g. a CRC algorithm calcu- 
lating a cyclic redundancy check sum, and the result is forwarded to an output device (7.5), which could be a monitor 
screen. 

45 

Weight adjustments 

[0067] Usually the initially determined weight cell values will not present the optimal choice of values. Thus, according 
to a preferred embodiment of the present invention, an optimisation or adjustment of the weight values should be per- 
so formed. 

[0068] In order to select or adjust the weight values to improve the performance of the classification system, it is sug- 
gested according to an embodiment of the invention to define proper quality functionsjor measuring the performance 
of the weight values. Thus, a local quality function Q L (y,w t x,X) may be defined, where v denotes a vector containing all 
v iC elements of the LUT network, and w denotes a vector containing all w iC elements of the LUT network. The local 
55 quality function may give a confidence measure of the output classification of a specific example x. Ifjhe quality value 
does not satisfy a given criterion (possibly dynamically changed during the iterations), the weights ware adjusted to 
make the quality value satisfy or closer to satisfying the criterion (if possible). 

[0069] Furthermore a global quality function: O g ( v, w.X) may be defined. The global quality function may measure the 
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performance of the input training set as a whole. 

[0070] Fig. 5 shows a flow chart for weight ceil adjustment or learning according to the present invention. The flow 
chart of Fig. 5 illustrates a more general adjustment or learning process, which may be simplified for specific embodi- 
ments. 

Example 1 

[0071 ] The vote number function for an input example y is given as 



10 



S W -..^c e .( V ..i^) 

VoteNo(C>) = *° v 



15 



[0072] With this definition of the VoteNoO function a leave-one-out cross-validation classification for an input example 
x of the training set may be calculated as: 



20 



25 



A(x) = argmax 
c 



w fl l m.c®i4.j ll5ll .( l n,(r>.r) 



ten 



[0073] This expression is actually explained above except for the factor 



30 



0 U<We( V ».<*>- c ) 



as which is equal to 



40 



45 



if C*C(x) and equal to if C=C{x). 



©«Kci>.c) 



©zK<*).c) 



50 



©:(*Wc) 



is only 1 if 



55 



else it is 0. This simply assures that an example cannot obtain contributions from itself when calculating the leave-one- 
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out cross-validation. 

[0074] Let the local quality function calculated for the example x be defined as: 

[0075] Here Q L is 0 if x generates a cross-validation error, else Q L is 1 . So if Q L = 0 then weight changes are made. 
[0076] Let the global quality function be defined as: 

XeX xeX 



[0077] This global quality function measures the number of examples from the training set X that would be correctly 
classified if they were left out of the training set as each term in the sum over the training set is 1 if C{x) = A(x) and 
else 0. The global quality criterion may be to satisfy O g >e/V x , where e is a parameter determining the fraction of train- 
ing examples demanded to be correctly classified in a leave-one-out crossvalidation test. 
[0078] An updating scheme for improving Q G can be implemented by the following rules: 

[0079] For all input examples x of the training set with a wrong cross-validation classification (A(x)*C(x)) adjust the 
weights by: 

25 



where k is a small constant. A feasible choice of k could be one tenth of the mean of the absolute values of the w iC 
values. 

30 [0080] This updating rule implies that 
35 and that 

40 

The maxO function ensures that the weights cannot become negative. 

[0081 ] Referring now to Fig. 5, the weight update or adjustment steps of example 1 may be described as: 
Initialise all w iC values to zero (5.1). 

Loop through all examples in the training set (5.2, 5.10, 5.3). 

Calculate the local quality value for each example (can the example be correctly classified if excluded from the 
training set? ) (5.4, 5.5). 

If yes proceed with next example (5. 1 0). If not increase the addressed weights of the "true" class if the correspond- 
ing column cells adds a positive contribution to the VoteNoO function -$ ^ 

(i-e- if »W <T) >2) 

and decrease the weights of the "true" class otherwise 

55 

('•e. if v fl(T)C(J) <2) 
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(5.6-5.9). 

. Calculate the global quality value, tf the quality is the highest obtained hitherto store the LUT network (5.1 1). 
Repeat until global quality value is satisfactory or other exit condition is fulfilled (5.1 2, 5.13). 

s Example 2 

[0082] Let the vote number function for an input example y be given as 

VoteNo^.y)^- 1 ^ 



15 

[0083] For the true class C(x) sum the 

20 

values for a given v-value using the function 



IV rt| (.7).C<.T) 



25 HiSt(^C(A-)) = X^,,,,,,,^^) • 



30 [0084] The parameter / runs over the possible values of v t0 0<v i C <N x . 

A confidence Cohf between the winning class, C w and the runner-up class C R may then be defined as: 

fVoieNo(C, v ,x)E^ mc- , -VoicNo(C^,x)Z^ #ai c ifCQ, = C(.v)) 
35 Conf = { ' € ° ' ,eQ 

0, if(C lv * C(.v)) 



y 

40 

[0085] A value m may be determined by the function: 



m = max 

45 



^argXHist(/,CCY))<C^/j 



so [0086] The upper limit of the summation index n can vary from 1 to the maximum v iC value within the v vector. The 
expression states that m is chosen as the largest value of n for which 

n 

£ Hist(/, C(x))zConf 

55 /=1 



[0087] A local quality function may now be defined as: 
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) t (v,w,jr,X) = j 



"i-"W„a ifC w = C(x) 
ifC w *C(.t) 



to 



where "W^/, is a threshold constant. If Q L <0 then the weights n^-are updated to make Q L increase, by adjusting the 
weights on the runner-up class, C fl : 

<">.C = <£>.c. ~ k \ ■ e i(^mc,) + *i , (i- e i(V)je,)) 



f5 

[0088] This updating rule implies that 
and that 



= w"~ + *, if v -t7) - <i. 



25 



[0089] The global quality criterion may be based on two quality functions: 

30 

35 and 



[0090] Here 0o((Q.) is 1 if Ql ^° and 0 if °l <0 - °gi measures the number of examples from the training set that 
can pass a leave one out cross-validation test and Q G2 measures the number of examples that can pass the local qual- 
ity criterion. 

45 [0091] These two quality functions can then be combined in to one quality function based on the following boolean 
expression (a true expression is given the value 1 and a false expression is given the value 0): 

0 G {^.^Ofliftw,X)>B 1 A/>(0 G2 (v,iv,X)>B 2 A/ x ) 

so [0092] Here . and e 2 . are two parameters determining the fractions of training examples demanded to pass a leave- 
one-out crossvalidation test and the local quality criterion, respectively. If both of these crrterions are passed the global 
quality criterion is passed in which case Qcfi.wX) is 1 . otherwise it is 0. 

[0093] With reference to Fig. 5, the weight updating or adjustment steps of example 2 may be described as: 

55 • Initialise all w iC values to zero (5.1). 

Loop through all examples in the training set (5.2, 5.10, 5.3). 
• Calculate the local quality value for each example (5.4) (Does the example have sufficient "support"? (5.5)). 

If yes process next example (5.10), if not decrease the weights associated with voting for the runner-up class and 
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increase the weights associated with ceils having 

v„nr. < 1 (5-6-5.9). 

5 

• Calculate the global quality value. If the quality is the highest obtained hitherto store the network (5. 1 1). 
Repeat until global quality value is satisfactory or other exit condition is fulfilled (5.12, 5.13). 

10 Example 3 

[0094] Again the vote number function for an input example y is given as 



15 

VotcNo(Cy) = 







20 



[0095] A local quality function Q L { v, w.x.X) is defined as a measure of a vote confidence for an input training example 
x. For an example xthe confidence Conf between the true class, C(x), and the runner-up class C R may be determined 



as: 

25 



30 



Conf(x) = ,€n v 



35 [0096] The confidence can be zero stating that the runner up class has a vote level equal to that of the true class (if 
one or more classes have a vote level equal to that of the true class we will define one of the classes different from the 
true one as the runner up class). The local quality function may now be defined as: 

0 L (v, w,x.X)=Conf(x). 

40 

[0097] A threshold value may be determined for the calculated local quality value and if Q L < Qthreshoid then 
weights are updated to make Q L increase. A possible value of Qthreshoid w °uld be 0.1 stating that the difference 
between the vote level of the true and that of the runner up class should at least be 1 0% of the maximum vote level. The 
weights may be updated by adjusting the weights for the runner-up class, C R : 

45 



50 

where k is a small constant, and adjusting the weights for the true class 



55 



= <;W>(i+ *[2«.(w) - »]) ■ 
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[0098] The small constant k determines the relative change in the weights to be adjusted. One possible choice would 
be k=0.05. 

[0099] Again the number of cross-validation errors is a possible global quality measure. 



Q Q iv.w.X)= S » A tf 



A(x).C(x)" 



10 [01 00] The global quality criterion may be to satisfy Q G > sN„ where e is a parameter determining the fraction of train- 
ing examples demanded to be correctly classified in a leave-one-out crossvalidation test 
[0101] With reference to Fig. 5. the weight updating or adjustment steps of example 3 may be described as: 



15 



20 



Initialise all w iC values to zero (5.1). 

Loop through all examples in the training set (5.2, 5.10, 5.3). 

Calculate the local quality value for each example (5.4) (Can the example be correctly classified if excluded from 
the training set and at the same time have sufficient "support"? (5.5)). 

If yes process next example, if not update the weights associated with cells voting on the runner-up class and 
update the weights associated with cells voting for the true class (5.6-5.9) in order to increase the vote level on the 
true class and decrease the vote level on the runner up class. 

Calculate the global quality value. If the quality is the highest obtained hitherto store the network (5.1 1). 
Repeat until global quality value is satisfactory or other exit condition is fulfilled (5.12, 5.13). 



25 



Example 4 

[0102] Again the vote number function for an input example y is defined as 



30 



VoieNo(Cy) = '"° ^ 



35 



[0103] The vote levels obtained for a training example when performing a cross-validation test is then: 



40 



VoteNo cv (C f -r) = 



45 



50 



55 



[01 04] Again the runner-up class obtained using VoteNo(Cy) may be denoted C fl (if one or more classes have a vote 
level equal to that of the true class we will define one of the classes different from the true one as the runner up class). 
[0105] The local quality function Q L (v, w, x,X) may now be defined by a Boolean expression. 

Q L (v,w,x,X) = (VoXeNo cy {C{x) t x)>k,) a (VoteNo cv (C fl ,x)</e 2 ) * ( A W = C{x)) 

where /c 1 and k 2 are two constants between 0 and_/o,_> k 2 . If all three criteria (VoteNo cv (C,x),x;>/ci. 
(VoteNo C v(Cfl.^)<' c 2. and A(x) = C(x)) are satisfied then Q L {v, w,x,X) is 1 otherwise it is O. The two criteria corresponds 
to demanding the vote level of the true class in a ieave-one-out cross-validating test to be larger than k^ and the vote 
level of the runner up class to be below k 2 with level k, being larger than level k z . The VoteNoO function used in this 
example will have value between 0 and 1 if we restrict the weights to have positive value in which case a possible choice 
of k values are k^ equal to 0.9 and k 2 equal to 0.6. 
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[0106] If the given criteria for the local quality value given by Q L (v, w, x,X) is not satisfied then the weights 
are updated to satisfy , if possible, the criteria for G L . by adjusting the weights on the runner-up class, C R : 



where k 3 is a small constant, and adjusting the weights 



on the true class: 

<<W> « "iax«r 7 , C(T) +^[2©,(v M;f , c , 7) )- 1] , 0). 



[0107] k 2 determines the relative change in the weights to be adjusted for the runner up class. One possible choice 
would be k 3 is 0.1 A feasible choice of /c 4 could be one tenth of the mean of the absolute values of the w iC values. 
[0108] A suitable global quality function may be defined by the summation of the local quality values for all the training 
input examples: 



Q G {v.w,X) = £ Q L (v,w,x t X). 

[0109] The global quality criterion maybe to satisfy Q G > where e is a parameter determining the fraction of train- 
ing examples demanded to pass the local quality test. 

[011 0] With reference to Fig. 5, the weight updating or adjustment steps of example 4 may be described as: 
Initialise all w iC values to zero (5.1 ). 

Loop through all examples in the training set (5.2, 5.10, 5.3). 

Calculate the local quality for each example (5.4) (Can the example be correctly classified if excluded from the train- 
ing set and at the same time have sufficient vote "support*? (5.5)). 

If yes process next example, if not update the weights associated with cells voting on the runner-up class and 
update the weights associated with cells voting on the true class (5.6-5.9) in order to increase the vote level on the 
true class and decrease the vote level on the runner up class. 
• Calculate the global quality function. If the quality is the highest obtained hitherto store the network (5.1 1). 
Repeat until global quality value is satisfactory or other exit condition is fulfilled (5. 1 2, 5. 13). 

Example 5 

[011 1] In this example the vote number function for an input example y is given as 

VoteN<XCy)= Z^ (nc 0,(v fl|t/ - )iC ) 
j'eQ 
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The local quality function and the threshold criteria is now defined so that the answer to the question "is Qlocal OK" will 
always be no. Thus, the local quality function may be defined as: 

Q L = FALSE 

[01 1 2] With these definition all training examples will be used for adjusting 



as the answer to (5.5) will always be no. 
[01 1 3] The weight updating rule is: 



15 



where f a (z) is defined as: 



20 



f2 if z >a 



25 



30 



35 



and a is the iteration number. 

[0114] The global quality function for the a m iteration may be defined as: 



°G - X 5 A(x,a),C(x)* 



where 



40 



45 



A(x.flf) = argmax £/a^ Ilc K<j KC )0uj oyic K<t>.c) 



[011 5] With reference to Fig. 5, the weight updating or adjustment steps of example 5 may be described as: 
Initialise all w ic values to zero (5.1) 

Loop through all examples in the training set (5.2. 5.10. 5.3). 

Calculate the local quality for each example (5.4) (In this example it will always be false, i.e. it will not fulfil the quality 
criteria). 

If Q L = TRUE (5.5) proceed with next example (it will never be true for this example), else set the addressed weights 
using 



50 



55 which depends on the actual iteration (5.6-5.9). 

Calculate the global quality value. If the quality value is the highest obtained hitherto store the network (5.1 1). 
Repeat until the last iteration (5.12. 5.13). 
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[0116] Thus, the above described example 5 fits into the flowchart structure shown in Fig. 5. However as the answer 
to (5.5) is always no. the weight assignment procedure can be simplified in the present case as described below with 
reference to Fig. 6. which shows the flow chart of a more simplified weight ceil adjustment process according to the 
present invention: 

[0117] A number of schemes, a M AX> for setting the w iC values may be defined as follows (6.1, 6.6, 6.7): 
Scheme a: 
[0118] 
(6.2) 

for ail LUTs do: 
for all / do: 

for all C do: 

[0119] For each a scheme a global quality function for the classification performance may be calculated (6.3). One 
possibility for the global quality function is to calculate a cross-validation error: 

Q G = Z 6 A(*.«).C- * 



where 



[0120] The network having the best quality value Q§ may then be stored (6.4, 6.5). Here, it should be understood that 
another number of iterations may be selected and other suitable global quality functions may be defined. 
[0121] The foregoing description of preferred exemplary embodiments of the invention has been presented for the 
purpose of illustration and description. It is not intended to be exhaustive or to limit the invention to the precise form dis- 
closed, and obviously many modifications and variations are possible in light of the present invention to those skilled in 
the art. All such modifications which retain the basic underlying principles disclosed and claimed herein are within the 
scope of this invention. 

Claims 

1. A method of training a computer classification system which can be defined by a network comprising a number of 
n-tuples or Look Up Tables (LUTs), with each n-tuple or LUT comprising a number of rows corresponding to at least 
a subset of possible classes and further comprising a number of columns being addressed by signals or elements 
of sampled training input data examples, each column being defined by a vector having cells with values, said 
method comprising determining the column vector cell values based on one or more training sets of input data 
examples for different classes so that at least part of the cells comprise or point to information based on the number 
of times the corresponding cell address is sampled from one or more sets of training input examples, and determin- 
ing weight cell values corresponding to one or more column vector cells being addressed or sampled by the training 
examples to thereby allow weighting of one or more column vectors cells of positive value during a classification 
process, said weight cell values being determined based on the information of at least part of the determined col- 
umn vector cell values and by use of at least part of the training set(s) of input examples. 

2. A method of training a computer classification system which can be defined by a network comprising a number of 
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n-tuples or Look Up Tables (LUTs), with each n-tuple or LUT comprising a number of rows corresponding to at least 
a subset of possible classes and further comprising a number of columns being addressed by signals or elements 
of sampled training input data examples, each column being defined by a vector having cells with values, said 
method comprising determining the column vector cell values based on one or more training sets of input data 
examples for different classes so that at least part of the cells comprise or point to information based on the number 
of times the corresponding cell address is sampled from one or more sets of training input examples, and determin- 
ing weight cell values corresponding to at least a subset of the column vector cells to thereby allow boosting of one 
or more column vector cells during a classification process, said weight cell values being determined based on the 
information of at least part of the determined column vector ceil values and by use of at least part of the training 
set(s) of input examples. 

3. A method according to claim 2, wherein the weight cell values are determined so as to allow suppressing of one or 
more column vector cells during a classification process. 

4. A method according to any of the claims 1 -3. wherein the determination of the weight cell values allows weighting 
of one or more column vector cells having a positive value (greater than 0) and one or more column vector cells 
having a non-positive value (lesser than or equal to 0). 

5. A method according to any of the claims 1 -4, wherein the weight cell values are arranged in weight vectors corre- 
sponding to at least part of the column vectors. 

6. A method of determining weight cell values in a computer classification system which can be defined by a network 
comprising a number of n-tuples or Look Up Tables (LUTs), with each n-tuple or LUT comprising a number of rows 
corresponding to at least a subset of possible classes and further comprising a number of column vectors with at 
least part of said column vectors having corresponding weight vectors, each column vector being addressed by sig- 
nals or elements of a sampled training input data example and each column vector and weight vector having cells 
with values being determined based on one or more training sets of input data examples for different classes, said 
method comprising determining the column vector cell values based on the training set(s) of input examples so that 
at least part of said values comprise or point to information based on the number of times the corresponding cell 
address is sampled from the set(s) of training input examples, and determining weight vector cell values corre- 
sponding to one or more column vector cells based on the information of at least part of the determined column 
vector cell values and by use of at least part of the training set(s) of input examples, said determination allowing 
weighting of column vector cells having a positive value (greater than 0) and column vector cells having a non-pos- 
itive value (lesser than or equal to 0). 

7. A method according to any of the claims 1 -6. wherein determination of the weight cells allows weighting of any col- 
umn vector cell. 

8. A method according to any of the claims 1 -7. wherein the weight cells are arranged in weight vectors and the deter- 
mination of the weight cell values comprises initialising one or more sets of weight vectors corresponding to at least 
part of the column vectors, and adjusting weight vector cell values of at least part of the weight vectors based on 
the information of at least part of the determined column vector ceil values and by use of at least part of the training 
set(s) of input examples. 

9. A method according to any of the claims 1-8, wherein at least part of the column cell values are determined as a 
function of the number of times the corresponding cell address is sampled from the set(s) of training input exam- 
pies. 

10. A method according to any of the claims 1-9, wherein the maximum column vector value is 1 , but at least part of 
the values have an associated value being a function of the number of times the corresponding cell address is sam- 
pled from the training set(s) of input examples. 

1 1 . A method according to any of the claims 8-10. wherein the column vector cell values are determined and stored in 
storing means before the adjustment of the weight vector cell values. 

12. A method according to any of the claims 1-11, wherein the determination of the column vector cell values com- 
prises the training steps of 
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a) applying a training input data example of a known class to the classification network, thereby addressing one 
or more column vectors, 

b) incrementing, preferably by one. the value or vote of the cells of the addressed column vector(s) correspond- 
5 ing to the row(s) of the known class, and 

c) repeating steps (a)-(b) until all training examples have been applied to the network. 

13. A method according to any of the claims 5-12, wherein all column vectors have corresponding weight vectors. 

10 

14. A method according to any of the claims 8-13. wherein the initialisation of the weight vectors comprises setting all 
weight vector cell values to a predetermined constant value, said predetermined value preferably being 1 . 

15. A method according to any of the claims 8-13, wherein the initialisation of the weight vectors comprises setting 
15 each weight vector cell to a predetermined specific cell value. 

16. A method according to any of the claims 8-15, wherein the adjustment of the weight vector cell values comprises 
the steps of determining a global quality value based on at least part of the weight and column vector cell values, 

; determining if the global quality value fulfils a required quality criterion, and adjusting at least part of the weight cell 

20 values until the global quality criterion is fulfilled. 

17. A method according to any of the claims 8-1 5, wherein the adjustment of the weight cell values comprises the steps 
of 

25 a) selecting an input data example from the training set(s), 

b) determining a local quality value corresponding to the sampled training input example, the local quality value 
being a function of at least part of the addressed weight and column vector cell values. 

30 c) determining if the local quality value fulfils a required local quality criterion, if not, adjusting one or more of 

the addressed weight vector cell values if the local quality criterion is not fulfilled, 

c) selecting a new input example from a predetermined number of examples of the training set(s), 

35 d) repeating the local quality test steps (b)-(d) for all the predetermined training input examples, 

e) determining a global quality value based on at least part of the weight and column vectors being addressed 
during the local quality test, 

40 f) determining if the global quality value fulfils a required global quality criterion, and, 

h) repeating steps (a)-(g) until the global quality criterion is fulfilled. 

18. A method according to claim 1 7. wherein steps (b)-(d) are carried out for all examples of the training set(s). 

45 

1 9. A method according to any of the claims 16-18, wherein the global and/or the local quality criterion is changed dur- 
ing the adjustment iteration process. 

20. A method according to any of the claims 16-19, wherein the adjustment iteration process is stopped if the global 
so quality criterion is not fulfilled after a given number of iterations. 

21. A method according to any of the claims 16-20. wherein the adjusted weight cell values are stored after each 
adjustment, and wherein the determination of the global quality value further is followed by separately storing the 
hereby obtained weight cell values or classification system configuration values if the determined global quality 

55 value is closer to fulfil the global quality criterion than the global quality value corresponding to previously sepa- 
rately stored weight cell values or configuration values. 

22. A method of classifying input data example into at least one of a plurality of classes using a computer classification 
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system configured according to a method of any of the claims 1 -21 , whereby the column vector cell values and the 
corresponding weight vector cell values are determined for each n-tupie or LUT based on one or more training sets 
of input data examples, said method comprising 

a) applying an input data example to be classified to the configured classification network thereby addressing 
column vectors and corresponding weight vectors in the set of n-tuples or LUTs. 

b) selecting a class thereby addressing specific rows in the set of n-tuples or LUTs, 

c) determining an output value as a function of values of addressed weight cells, 

d) repeating steps (b)-(c) until an output has been determined for all classes. 

e) comparing the calculated output values, and 

f) selecting the class or classes having maximum output value. 

23. A method according to claim 22, wherein the output value further is determined as a function of values of 
addressed column cells. 

24. A method according to claim 23, wherein said output value is determined as a first summation of all the addressed 
weight vector cell values corresponding to column vector cell values greater than or equal to a predetermined 
value, said predetermined value preferably being 1 . 

25. A method according to claim 23, wherein said step of determining an output value comprises determining a first 
summation of all the addressed weight vector cell values corresponding to column vector cell values greater than 
or equal to a predetermined value, determining a second summation of all the addressed weight vector cell values, 
and determining the output value by dividing the first summation by the second summation. 

26. A system for training a computer classification system which can be defined by a network comprising a stored 
number of n-tuptes or Look Up Tables (LUTs), with each n-tuple or LUT comprising a number of rows correspond- 
ing to at least a subset of possible classes and further comprising a number of columns being addressed by signals 
or elements of sampled training input data examples, each column being defined by a vector having cells with val- 
ues, said system comprising input means for receiving training input data examples of known classes, means for 
sampling the received input data examples and addressing column vectors in the stored set of n-tuples or LUTs, 
means for addressing specific rows in the set of n-tuples or LUTs, said rows corresponding to a known class, stor- 
age means for storing determined n-tuples or LUTs, means for determining column vector cell values so as to com- 
prise or point to information based on the number of times the corresponding cell address is sampled from the 
training set(s) of input examples, and means for determining weight cell values corresponding to one or more col- 
umn vector cells being addressed or sampled by the training examples to thereby allow weighting of one or more 
column vectors cells of positive value during a classification process, said weight cell values being determined 
based on the information of at least part of the determined column vector cell values and by use of at least part of 
the training set(s) of input examples. 

27. A system for training a computer classification system which can be defined by a network comprising a stored 
number of n-tuples or Look Up Tables (LUTs), with each n-tuple or LUT comprising a number of rows correspond- 
ing to at least a subset of possible classes and further comprising a number of columns being addressed by signals 
or elements of sampled training input data examples, each column being defined by a vector having cells with val- 
ues, said system comprising input means for receiving training input data examples of known classes, means for 
sampling the received input data examples and addressing column vectors in the stored set of n-tuples or LUTs. 
means for addressing specific rows in the set of n-tuples or LUTs, said rows corresponding to a known class, stor- 
age means for storing determined n-tuples or LUTs, means for determining column vector cell values so as to com- 
prise or point to information based on the number of times the corresponding cell address is sampled from the 
training set(s) of input examples, and means for determining weight ceil values corresponding to at least a subset 
oi the column vector cells to thereby allow boosting of one or more column vectors cells during a classification proc- 
ess, said weight cell values being determined based on the information of at least part of the determined column 
vector cell values and by use of at least part of the training set(s) of input examples. 
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28. A system according to claim 27, wherein means for determining the weight cell values is adapted to determine 
these values so as to allow suppressing ol one or more column vector cells during a classification process. 

29. A system according to any of the claims 26-28, wherein the means for determining the weight cell values is adapted 
s to determine these values so as to allow weighting of one or more column vector cells having a positive value 

(greater than 0) and one or more column vector cells having a non-positive value (lesser than or equal to 0). 

30. A system according to any of the claims 26-29, wherein the means for determining the weight cell values is adapted 
to determine these values so that the weight cell values are arranged in weight vectors corresponding to at least 

10 part of the column vectors. 

31 . A system for determining weight cell values of a classification network which can be defined by a stored number of 
n-tuples or Look Up Tables (LUTs). with each n-tuple or LUT comprising a number of rows corresponding to at least 
a subset of the number of possible classes and further comprising a number of column vectors with at least part of 

15 said column vectors having corresponding weight vectors, each column vector being addressed by signals or ele- 
ments of a sampled training input data example and each column vector and weight vector having cell values being 
determined during a training process based on one or more sets ol training input data examples, said system com- 
prising: input means for receiving training input data examples of known classes, means for sampling the received 
input data examples and addressing column vectors and corresponding weight vectors in the stored set of n-tuples 

20 or LUTs, means for addressing specific rows in the set of n-tuples or LUTs, said rows corresponding to a known 
class, storage means for storing determined n-tuples or LUTs, means for determining column vector cell values so 
as to comprise or point to information based on the number of times the corresponding cell address is sampled 
from the training set(s) of input examples, and means for determining weight vector cell values corresponding to 
one or more column vector cells based on the information of at least part of the determined column vector ceil val- 

25 ues and by use of at least part of the training set(s) of input examples, said determination allowing weighting of one 
or more column vector cells having a positive value (greater than 0) and one or more column vector cells having a 
non-positive value (lesser than or equal to 0). 

32. A system according to any of the claims 26-31 , wherein the means for determining the weight cell values is adapted 
30 to allow weighting of any column vector cell. 

33. A system according to any of the claims 26-32, wherein the means for determining the weight cell values comprises 
means for initialising one or more sets of weight vectors corresponding to at least part of the column vectors, and 
means for adjusting weight vector cell values of at least part of the weight vectors based on the information of at 

35 least part of the determined column vector cell values and by use of at least part of the training set(s) of input exam- 
ples. 

34. A system according to any of the claims 26-33, wherein the means for determining the column vector ceil values is 
adapted to determine these values as a function of the number of times the corresponding cell address is sampled 

40 from the set(s) of training input examples. 

35. A system according to any of the claims 26-33, wherein the means for determining the column vector cell values is 
adapted to determine these values so that the maximum value is 1 , but at least part of the values have an associ- 
ated value being a function of the number of times the corresponding cell address is sampled from the training 

45 set(s) of input examples. 

36. A system according to any of the claims 26-35, wherein, when a training input data example belonging to a known 
class is applied to the classification network thereby addressing one or more column vectors, the means for deter- 
mining the column vector cell values is adapted to increment the value or vote of the cells of the addressed column 

so vector(s) corresponding to the row(s) of the known class, said value preferably being incremented by one. 

37. A system according to any of the claims 26-36, wherein all column vectors have corresponding weight vectors. 

38. A system according to any of the claims 33-37, wherein the means for initialising the weight vectors is adapted to 
55 setting all weight vector cell values to a predetermined constant value, said predetermined value preferably being 

one. 

39. A system according to any of the claims 33-38, wherein the means for initialising the weight vectors is adapted to 
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setting each weight vector cell to a predetermined specific value. 

40. A system according to any of the claims 33-39, wherein the means for adjusting the weight vector cell values is 
adapted to determine a global quality value based on at least part of the weight and column vector cell values, 
determine if the global quality value fulfils a required global quality criterion, and adjust at least part of the weight 
cell values until the global quality criterion is fulfilled. 

41 . A system according to any of the claims 33-39, wherein the means for adjusting the weight vector cell values is 
adapted to 

a) determine a local quality value corresponding to a sampled training input example, the local quality value 
being a function of at least part of the addressed weight and column vector cell values, 

b) determine if the local quality value fulfils a required local quality criterion, 

c) adjust one or more of the addressed weight vector cell values if the local quality criterion is not fulfilled, 

d) repeat the local quality test for a predetermined number of training input examples, 

d) determine a global quality value based on at least part of the weight and column vectors being addressed 
during the local quality test, 

e) determine if the global quality value fulfils a required global quality criterion, and, 

g) repeat the local and the global quality test and associated weight adjustments until the global quality crite- 
rion is fulfilled. 

42. A system according to claim 40 or 41, wherein the means for adjusting the weight vector cell values is adapted to 
stop the iteration process if the global quality criterion is not fulfilled after a given number of iterations. 

43. A system according to claim 40 or 41 , wherein the means for storing n-tuples or LUTs comprises means for storing 
adjusted weight cell values and separate means for storing best so far weight cell values, said means for adjusting 
the weight vector cell values further being adapted to replace previously separately stored best so far weight cell 
values with obtained adjusted weight cell values if the determined global quality value is closer to fulfil the global 
quality criterion than the global quality value corresponding to previously separately stored best so far weight val- 
ues. 

44. A system for classifying input data examples into at least one of a plurality of classes, said system comprising: stor- 
age means for storing a number or set of n-tuples or Look Up Tables (LUTs) with each n-tuple or LUT comprising 
a number of rows corresponding to at least a subset of the number of possible classes and further comprising a 
number of column vectors with corresponding weight vectors", each column vector being addressed by signals or 
elements of a sampled input data example and each column vector and weight vector having cells with values 
being determined during a training process based on one or more sets of training input data examples, said system 
further comprising: input means for receiving an input data example to be classified, means for sampling the 
received input data example and addressing columns and corresponding weight vectors in the stored set of n- 
tuples or LUTs, means for addressing specific rows in the set of n-tuples or LUTs, said rows corresponding to a 
specific class, means for determining an output value as a function of addressed weight cells, and means for com- 
paring calculated output values corresponding to all classes and selecting the class or classes having maximum 
output value. 

45. A system according to claim 44, wherein the output value further is determined as a function of values of addressed 
column cells. 

46. A system according to claim 44 or 45, wherein the output determining means comprises means for producing a first 
summation of all the addressed weight vector ceil values corresponding to a specific class and corresponding to 
column vector cell values greater than or equal to a predetermined value. 

47. A system according to claim 46, wherein the output determining means further comprises means for producing a 
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second summation of all the addressed weight vector cell values corresponding to a specific class, and means for 
determining the output value by dividing the first summation by the second summation. 

48. A system according to any of the claims 44-47. wherein the cell values of the column vectors and the weight vectors 
have been determined by use of a training system according to any of the systems of claims 26-43. 

49. A system according to any of the claims 44-47, wherein the cell values of the column vectors and the weight vectors 
have been determined during a training process according to any of the methods of claims 1-21 . 
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